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Abstract: During crises, stock market volatility generally rises sharply, and as consequence, spillovers
are identified across markets. This study estimates the volatility spillover among twelve European
stock markets representing all four regions of Europe. The data consists of 10,990 intraday obser-
vations from 2 December 2019 to 29 May 2020. Using the methodology of Diebold and Yilmaz, we
use static and rolling windows to characterize five-minute volatility spillovers. Our results show
that 77.80% of intraday volatility forecast error variance in twelve European markets comes from
spillovers. Furthermore, the highest gross directional volatility spillovers are found in Sweden and
the Netherlands, while the minimum spillovers to other stock markets are observed in the stock
markets of Poland and Ireland. However, German and Dutch markets transmit the highest net
directional volatility spillovers. Splitting the whole sample in pre- and post-pandemic declaration (11
March 2020) we find more stable spillovers in the latter. The findings reveal important information
about European stock market interdependence during COVID-19, which will be beneficial to both
policy-makers and practitioners.
Keywords: COVID-19; European Union; high frequency data; spillovers; stock markets
1. Introduction
As an unanticipated disease, the very first case of coronavirus (COVID-19) was re-
ported in Wuhan, China, on 31 December 2019. Due to being highly infectious, the World
Health Organization (WHO) issued an alert on 30 January 2020 (WHO 2020a). Later, on 11
March 2020, they declared it a pandemic (WHO 2020b). Over time its concentration has
shifted from China to Europe and then to the American continent, mostly North America.
The immediate solution to avoid its spread was isolation, and lockdown was applied in
most countries. Hence the term, general lockdown, is used to represent a simultaneous
restriction on economic and social activity in many countries. The restrictions on domestic
and international travel and ensuing disruption of supply chains led to predictions of eco-
nomic crisis by the International Monetary Fund (IMF) and all other international agencies,
who revised their global growth projections. Likewise, lockdown and other restrictions
have had an effect on the sports and entertainment industries (Horowit 2020, Elliot 2020).
According to The Economist, this pandemic is a severe threat to global markets (The
Economist 2020a). Its effect on economic and market activity has led to a level of risk
aversion behavior seen after the global financial crisis (OECD 2020). The report adds that
a 30% decline in stock markets and implied volatilities of equities and oil have increased
to crisis levels. Furthermore, news about COVID-19 in the international media causes
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negative sentiments, fear, and uncertainty (Aslam et al. 2020a). Due to these fears, global
financial markets have slumped (The Economist 2020b). For instance, the Dow Jones
Industrial Average (DJIA) registered falls of 12.93% and 9.99% on 16 and 9 March 2020
and 12 March 2020, respectively. Likewise, the FTSE100 experienced a drop of 24.8%
(The Guardian 2020) while the Nikkei index dropped by 20% from a December 2019 high
(Bloomberg 2020). This spread will affect the world economy by interfering with the
supply of labor, goods, and services. The spillover effect is alarming (The Economist
2020c). According to the Australian National University’s estimation, as a consequence of
COVID-19, the GDP of America and Europe would decline by 2% to 8% in the worst case
scenario (The Economist 2020d).
Changes in stock market returns and volatility and the subsequent contagion through
the transfer of information across local and international markets during a crisis has re-
ceived considerable attention from academics, policy-makers, and investors (Lin et al. 1994).
There have been theoretical as well as empirical contributions in the financial literature. The
spillover effects between markets have important implications for calculating value-at-risk,
obtaining optimal portfolio weights, and determining if the portfolio hedge ratio is effective
(Jiang et al. 2019; Mensi et al. 2017; Mensi et al. 2018). Particularly, during financial crises,
markets show a sharp increase in volatility and spillovers in other markets. A similar
phenomenon has been confirmed during COVID-19. In addition to a significant decline in
stock indices (McKibbin and Vines 2020), an increase in stock markets’ volatility has been
recorded during this pandemic(Ali et al. 2020; Barro et al. 2020), causing huge investment
losses (Zhang et al. 2020). Furthermore, the intraday efficiency of European stock markets
and forex markets has declined during the COVID-19 outbreak (Aslam et al. 2020b; Aslam
et al. 2020c; Aslam et al. 2020d). During such a crisis, it becomes very important to track
the extent of that crisis and to issue early warnings by measuring the spillovers among
stock markets (Diebold and Yılmaz 2012).
A diverse range of models has been applied in the empirical literature to estimate the
volatility spillovers among financial markets. For instance, Jebran et al. (2017) examined the
volatility spillover between emerging Asian stock markets in pre- and post-2007 financial
crisis periods using the EGARCH model. The authors documented that the volatility
spillover of Indian and Sri Lankan markets is bidirectional around the 2007 crises. However,
the spillover of Pakistan and Sri Lanka markets is bidirectional only in the post-crisis period.
Likewise, Xu et al. (2017) investigated the volatility spillover between the Shanghai and
Hong Kong stock markets using the GARCH-X model. The authors conclude that spillovers
are bidirectional most of the time and they gain strength from an increase in capital flows
or during major financial events. In a similar study, Mensi et al. (2018) used the model
of (Diebold and Yılmaz 2012; Diebold and Yılmaz 2014) on static and rolling-windows to
explore volatility spillovers among the GIPSI (Greece, Ireland, Portugal, Spain, and Italy)
markets. The authors documented an increase in spillover intensity during the crisis, i.e.,
global financial and European Sovereign Debt Crises (ESDC). Using the same econometric
approach, (Nishimura et al. 2018) associated stock market spillovers with international
stock investors’ activities. The authors further argued that spillovers of both return and
volatility increase with greater stock market openness. They analyzed volatility spillovers
and their determinants among 40 developed, emerging, and frontier stock markets using a
Granger-Causality framework, identifying market size, liquidity, and financial openness as
the most important determinants.
In recent literature, Kang et al. (2019) examine the spillover effect between ASEAN-5
and global stock markets by applying the spillover-index of Diebold and Yılmaz (2012). The
authors document a positive spillover between ASEAN-5 and world stock markets. They
also concluded that return and volatility spillovers increased during the crises. Likewise,
McIver and Kang (2020) investigated spillover dynamics between the USA and BRICS
(Brazil, Russia, India, China and South Africa) stock markets. Using the spillover index
method with the multivariate DECO-GJR-GARCH model, the authors also concluded that
crisis periods like GFC (Global Financial Crisis) and ESDC lead to increased spillovers.
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Further, they showed that the USA, Brazil, and China are net transmitters, while Russia,
India, and South Africa are net receivers of volatility in their respective stock markets.
A similar outcome was identified for G7 and BRICS countries. Su (2020) concluded that
the USA, Germany, France and Canada are net transmitters while the UK, Japan, Italy
and BRICS are net recipients of risk spillovers. The author proposed a quantile variance
decomposition to measure extreme risk spillover across international stock markets. The
framework is an extension of the spillover index approach of Diebold and Yilmaz (2009),
replacing OLS (Ordinary Least Squares) with a quantile regression. Hou and Li (2020)
examined volatility and skewness spillover during the market crash in 2015 with high-
frequency data for the Chinese stock market and derivative markets. The authors used
bivariate dynamic-conditional-correlation (DCC) and the GARCH model. Their results
show unidirectional spillover from futures to spot markets. Using stock market data
from the USA, the UK, Germany, and Japan, Finta and Aboura (2020) examined volatility
and skewness risk premium spillovers by applying variance decompositions of a vector
autoregressive (VAR) model (Diebold and Yılmaz 2012). They concluded on increased cross-
market and cross-moment spillovers during periods of stress. Diebold and Yilmaz (2009)
presented a volatility spillover measure based on forecast error variance decompositions
(FEVD) from VAR. This is used to ascertain the spillovers in returns or return volatilities
across individual assets, portfolios, markets, etc. This Diebold and Yilmaz (DY) framework
had several limitations which were accounted for by Diebold and Yılmaz (2012), who used
the generalized VAR framework. The FEVD in this new framework are not influenced by
variable ordering, and it explicitly includes directional volatility spillovers.
Black swan events, such as epidemics, could lead to a panic-selling response from
international investors (Burch et al. 2016). Nippani and Washer (2004) found a negative
impact of the SARS period on Chinese and Vietnamese stock markets. From an industry
perspective, Chen et al. (2007) also found a negative impact of SARS on the shares of
hotels in the stock markets of mainland China and Taiwan. Likewise, during the Ebola
outbreak investors’ decisions were affected, which then harmed equity capital in African
(Del Giudice and Paltrinieri 2017) and US (Ichev and Marinc 2018) stock markets.
Very recent studies on the financial impacts of COVID-19 have reported varying
results for different stock markets. Baker et al. (2020) proved that COVID-19 is far more
destructive for the US stock market than previous infectious diseases. Likewise, Nicola
et al. (2020) confirmed that this immense black swan event has overwhelming impacts
on global financial markets. The stock markets of the USA react more than Asian and
Australian stock markets to the coronavirus outbreak (Ammy-Driss and Garcin 2020).
Similar results are reported by Garcin et al. (2020). However, Topcu and Gulal (2020) reveal
that Asian stock markets are more affected than European ones. By relating the number of
confirmed cases and deaths caused by COVID-19, they recorded that stock markets react
more negatively to positive cases of COVID-19 than to deaths.
Increasing empirical literature focuses on the financial impacts of COVID-19 by apply-
ing diverse statistical techniques (Akhtaruzzaman et al. 2020; Ashraf 2020; Aslam et al.
2020b; Aslam et al. 2020c; Baker et al. 2020; Sharif et al. 2020; Topcu and Gulal 2020;
Zhang et al. 2020). Very recently, Yarovaya et al. (2020), using DOW Jones world index and
Islamic sakkuk index data argued that Islamic bonds (Sukuk) showed properties of being
a safe haven during the ongoing COVID crisis. The authors also asserted that spillovers
between conventional and Islamic stock markets increased during this period. Similarly,
Hung (2020) explored the pre and during COVID spillovers between crude oil prices and
five developed stock markets in Europe, concluding that spillovers are more apparent
during the COVID period. However, no comprehensive study has focused particularly
on intraday spillovers during the COVID-19 outbreak. It is crucial to estimate volatility
spillovers during COVID-19 for early warning signs and to track the extent of the cur-
rent crisis. Furthermore, little attention is given to high-frequency data. To fill this gap,
we measure total and directional volatility spillovers among 12 European stock markets
during COVID-19. Furthermore, we use high-frequency data to reveal the inner volatility
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dynamics among European stock markets during this pandemic. One important element
of this whole episode is that the World Health Organization (WHO) declared COVID-19
as a global pandemic on 11 March 2020 (Maier and Brockmann 2020), despite the fear
of inciting panic (Aslam et al. 2020a). Hence, we compare the results of total intraday
volatility spillovers for all 12 European Stock Markets before and after the declaration of
the pandemic.
In this paper we use the changes suggested by Diebold and Yılmaz (2012) to study
directional volatility spillover in European countries during the pandemic. The European
Union (EU) made efforts to create and reinforce the integration project, with the free flow
of people, goods and services resulting in a higher degree of stock market integration than
in other regions in the world. Extensive literature is devoted to exploring the degree of
integration between the markets of EU member countries Bekaert et al. (2013). Our study
will help investors and regulators to design effective policies by uncovering the spillover
effects among these stock markets.
2. Materials and Methods
2.1. Data Description
We investigate volatility spillover during the COVID-19 crisis among twelve European
stock markets representing all four European regions. Before the introduction of the euro
in 1999, western European countries went through a period marked by efforts towards
economic, monetary, and financial integration (Baele 2005). Despite the advantages of
this financial integration, very important challenges are related to the connection among
financial markets. Hence, it is pertinent to explore the direction of volatility spillover
during the current crisis on a regional basis, since this could give some information about
which markets are predominant in terms of affecting the others. The first case of 2019-nCoV
was reported in Europe on 24 January 2020 in France and the highest number of COVID-19
cases is reported in Spain (Table 1). To reveal the inner dynamics, we use 5-minute stock
market data from selected countries from 2 December 2019 till 29 May 2020, corresponding
to 10,990 observations. Duplicated prices, which lead to zero returns, were deleted during
the data cleaning process. Using the pandemic declaration date, the intraday prices ranging
from 2 December 2019 to 10 March 2020 refer to the period before the pandemic and prices
from 11 March 2020 to 29 May 2020 form the sample for the period during the pandemic.
Table 1. Country Specific Details.
Sr. Countries Region Stock Market Symbol Number of COVID-19 Cases *
1 Austria Western Europe ATX 89,496
2 Belgium Western Europe BFX 368,337
3 Finland Northern Europe OMX 15,566
4 France Western Europe FCHI 1,235,132
5 Germany Western Europe GDAXI 482,355
6 Ireland Northern Europe ISEQ 59,434
7 Italy Southern Europe FTMIB 589,766
8 Netherlands Western Europe AEX 319,991
9 Poland Eastern Europe WIG 319,205
10 Portugal Southern Europe PSI 128,392
11 Spain Southern Europe IBEX 1,194,681
12 Sweden Northern Europe OMX 117,913
* As at 29 October 2020. Source: https://www.worldometers.info/coronavirus/.
We follow the literature dating back to (Parkinson 1980), and calculate 5-min variance
using high and low prices. For market i at time t we have
σ̃2it = 0.361
[
ln(Pmaxit )− ln Pminit
]2
(1)
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where Phighit is the highest (max) price in market iat t, and P
low
it is the lowest (min) price
and with σ̃2it as an estimator of the 5-min variance. Since volatilities tend to be skewed, it is
common practice to use log-volatilities which come close to normal distribution. However,
to control volatility levels near to zero, sin h−1 is used instead of the natural logarithm(
sinh−1(x) = log(2x)
)
. The corresponding annualized daily standard deviation (volatility)







Table 2 presents some descriptive statistics on the five-minute return volatility of the
12 European stock markets studied. The stock markets of Finland (0.0092) and Portugal
(0.0092) show minimum levels, while those of Italy (0.0126) and Germany (0.0123) are the
most volatile. Figure A1, in Appendix A, shows the volatility movement of all 12 markets
from 2 December 2019 to 29 May 2020. The volatility dynamics are consistent with the
previous literature summarized by Andersen et al. (2007). High volatility clusters are
visible in the last week of February and persist till the first week of March for all twelve
markets with the value of 0.70 for France showing a huge jump. It is also noted that
European markets have become more volatile during the spread of COVID-19.
Table 2. Descriptive Statistics of stock market volatility.
Mean Median Maximum Minimum Std. Dev. Skewness Kurtosis
Austria 0.0108 0.0067 0.3916 0.0002 0.0135 7.1718 120.3540
Belgium 0.0110 0.0069 0.1488 0.0003 0.0121 3.0378 14.3959
Finland 0.0092 0.0058 0.2760 0.0003 0.0109 5.4823 66.7437
France 0.0118 0.0072 0.6939 0.0002 0.0158 11.8236 370.2963
Germany 0.0123 0.0072 0.3849 0.0002 0.0165 6.7773 92.0665
Ireland 0.0116 0.0078 0.2246 0.0002 0.0123 4.1836 37.2131
Italy 0.0126 0.0077 0.3693 0.0002 0.0169 6.7171 84.9397
Netherlands 0.0109 0.0067 0.2087 0.0003 0.0126 3.5357 22.2254
Poland 0.0096 0.0060 0.2227 0.0002 0.0120 5.1959 47.3502
Portugal 0.0092 0.0059 0.1406 0.0001 0.0104 3.4241 18.6832
Spain 0.0114 0.0073 0.2096 0.0004 0.0125 3.5045 22.4803
Sweden 0.0105 0.0069 0.1490 0.0003 0.0113 3.2874 17.6739
2.2. Methodology
We apply DY-spillover index (Diebold and Yılmaz 2012), which is derived from
variance decomposition of n-variable Vector Autoregressive model, which is not dependent
on the order of variables. The main advantage of this econometric model is that we are
able to estimate and present the directional spillovers.
Consider a covariance stationary N-variable VAR(p), zt = ∑
p
i=1 Φizt−1 + εt where
ε ∼ (0, ∑) is an iid disturbance vector. Its MA representation is z = ∑∞i=0 Aiεt−i. The n
× n coefficient matrices Ai obey the recursion Ai = Φ1 Ai−1 + Φ2 Ai−2 + . . . .. + Φp Ai−p,
with A0 being an n × n identity matrix and with Ai = 0 for I < 0. The dynamics of the
system can be understood by MA coefficients, impulse response functions or variance
decompositions. We use variance decompositions, which breaks down the variance of
error forecasts for each variable into segments associated with the system shocks. Through
variance decompositions, T-step-ahead error variance in predicting zi due to shocks to
zj, ∀j 6= i for each i can be evaluated.
Orthogonal innovations based on Cholesky factorization type identification schemes
are needed to calculate variance decompositions, which however, creates dependency on
ordering of the variables. Hence, to avoid the issues raised by dependency on ordering,
Diebold and Yılmaz (2012) used the generalized VAR setup of Koop et al. (1996) and
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Pesaran and Shin (1998). This approach allows correlated shocks, which is more appropriate
for our analysis.
The initial step is to define variance segments as the fractions of T-step-ahead error
variances in forecasting zi based on shocks to zi for i = 1, 2, 3, . . . , n and cross error variance
spillover in forecasting zi is due to shock to zj for i, j = 1, 2, . . . , n where i 6= j.
















In Equation (3), σij refers to the standard deviation of the error of the jth equation,
while ei is the selection vector, equal to 1 for the ith element and zero otherwise. It is also
possible to write ∑Nj=1 θ
g
ij(T) 6= 1, since the summation of elements across rows of variance











which will be used in calculating the spillover index.
By definition, ∑nj=1 θ̃
g





KPPS variance decomposition is used to obtain volatility contributions to construct
total spillover-index as
Sg(T) =
















This total spillover-index represents the combined spillovers of volatility shocks of
twelve stock markets to the total forecast error variance. With this information at hand it is
interesting to explore the directional properties of spillover. We measure the directional


















The generalized VAR decomposition also enables measurement of the spillovers from


















Equations (6) and (7) are then used to measure net volatility spillover between market
i and all other markets, just by taking the difference of the two equations:





Equation (8) gives information only from the perspective of a single market while
considering its receipt of and transmission of spillover to all other markets. It can also be
Int. J. Financial Stud. 2021, 9, 5 7 of 19
interesting to evaluate net pairwise volatility spillovers, where the similar net association


















We present the estimated “input–output” decomposition of the total volatility spillover
index in Table 3. Its ijth entry is the calculated share of the forecast error variance of market
i transmitted from shocks to market j. It is important to mention that these findings are
based on auto-regressive vectors of order 4 and generalized variance decompositions of
10-day-ahead volatility forecast errors (for VAR order selection, Figure A1 in Appendix A
shows the min, max, and median values of spillover-index for orders 2 to 6). The sums of
the off-diagonal column (i.e., excluding the diagonal terms) identify the “contributions TO
others” of spillovers, measuring how much volatility each stock market index contributes
to the system. Likewise, the sum of the off-diagonal row (again excluding the diagonal
terms) measures how much volatility the stock index receives from the system. Finally,
the “FROM” are the net volatility spillovers. Therefore, each cell in Table 3 shows the
amount of volatility from column i which is given to row j. For instance, the spillover
from Germany to Austria is 9.37, and from Austria to Germany is 6.15. Therefore, the net
pairwise spillover from Germany to Austria is 3.22. Likewise, the spillover from Italy to
France is 6.33, and from France to Italy is 7.77. So the net pairwise spillover from Italy to
France is −1.44. Similarly, the spillover from Sweden to Ireland is 2.15 (7.75–5.6) and from
Poland to Belgium is −1.66 (4.1–5.76).
The row labeled “directional to others” shows that gross directional volatility spillovers
to the other 12 European stock markets varies significantly. These results reveal that gross
directional volatility spillovers “To others” from the Netherlands is highest (100.16) fol-
lowed by Sweden, where spillover to others explains 91.12 of the forecast error variance.
The minimum spillovers to other stock markets are observed in the stock markets of Poland
(50.73) and Ireland (55.09). Comparing both types of spillovers, a little less variability is
found in the “directional from others” column which shows the gross directional volatility
spillovers from the other 12 stock markets to each market. The results show that gross
directional volatility spillovers from the other markets to Belgian stocks is 80.72% followed
by Germany with 80.62%, while the minimum spillovers from other markets are found in
Poland, explaining 69.862% of the forecast error variance.
The row “NET Directional Connectedness” shows that the Dutch stock market orig-
inates highest net directional volatility spillover to the other markets (100.16 − 80.25 =
19.91%) and then from Germany to others (99.54 − 80.62 = 18.92%). On the other hand, the
smallest are from the Irish (55.09 − 75.84 = −20.75%) and Polish stock markets to others
(50.73 − 69.86 = −19.13%). Finally, various directional volatility spillovers are converted
into a single index of total (non-directional) spillover. This is calculated by dividing the total
off-diagonal column/row sum (933.61) by the total row sum including diagonals (1200.02),
expressed as a percentage in the last row and last column of Table 3. The index value
indicates that, on average, from December 2019 to May 2020, 77.80% (933.61/1200.02) of
intraday volatility forecast error variance in 12 European stock markets is due to spillovers.
Overall, our results confirm that both total and directional spillovers remained high during
COVID-19.
To address the evolution of COVID-19 and European stock markets, the volatility
spillover is examined by using the rolling windows of 450 observations. This rolling
windows estimation assesses the degree and type of spillover dynamics from December
2019 to May 2020. The results of the total spillover plot are presented in Figure 1. The
total intraday volatility spillover for all selected European stock markets during the crisis
gives many interesting insights. Starting with slightly below 80% in the first window,
overall, it fluctuates in a range of 70% to 80%. However, the spillovers fall below 70% in
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January and March and exceed 80% in March and April. Most importantly, we can see two
clear cycles in the total intraday spillover plot. One starts in March, has the highest peak
and lowest trough and shows great fluctuation compared to the other cycle. The second
cycle, relatively less peaked, begins in April and extends till the start of May. To mitigate
the impacts of the COVID-19 pandemic, in March 2020, an emergency purchase package
amounting to 750 billion Euros was initiated by the European Central Bank. Likewise,
in April 2020 the Commission launched the Support mitigating Unemployment Risks in
Emergency (SURE) program to support employment and families in need. The Commission
also proposed to reallocate available structural funds to minimize the negative impacts of
the COVID-19 crisis.
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l ti , lit r l l i t -s les: t i
t l ti t i (f ec r t 10 ) t
ri fter that declaration (from 1 March 2020 to 29 May 2020). The date of the declar -
tion is marked in Figure 1 by a vertical red line. The figure shows a significa t decline in the
variation of intraday volatility spillovers. Before the pandemic was declared, the volatility
spillovers fluctuate from a minimum of 63.11 to a maximum of 86.74, while after 11 March
2020 this range significantly declined from a mini um of 66.97 to a maximum of 80.16.
Similarly, the Variance also declined from 18.65 to 7.15 after the declaration. Although
apparently the average spillover is not too different, we applied a t-test for the means,
showing a significant decline in the volatility spillovers after the pandemic declaration (see
these results in Table 3).
According to Corbet et al. (2020), in order to curtail the increased spillover of volatility
during times of crises, policy-makers can ensure the availability of liquidity to financial
markets. In fact, the European Central Bank (ECB) worked as a first line of defense against
the panic in European markets and implemented different measures to ensure the existence
of liquidity in markets, such as launching programs for asset purchasing or bank lending,
as well as new supervisory and coordination measures. Simultaneously, governments
responded quickly with significant fiscal packages in the different countries, supported by
measures like SURE (Support to mitigate Unemployment Risks in an Emergency) or the
European Stability Mechanism (ESM) which could have helped to decrease the volatility in
stock markets.
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difference in any European stock market for the giving and receiving ends of net volatility
transmissions. However, a dramatic change is noticed in March 2020. The net volatility
spillovers remained negative throughout the crisis, climbing as high as fifteen percent in
March for France.
Table 4. Intraday Volatility Spillover among 12 European Stock Markets.
Austria Belgium Finland France Germany Ireland Italy Netherlands Poland Portugal Spain Sweden FROM
Austria 27.29 6.84 6.64 6.95 9.37 5.07 8.04 6.07 5.87 6.49 5.51 5.87 72.71
Belgium 5.43 19.28 6.44 7.98 7.62 5.99 5.86 11.19 4.10 7.58 9.13 9.39 80.72
Finland 5.76 7.78 21.69 6.03 9.63 5.13 7.81 8.02 5.78 6.89 6.86 8.62 78.31
France 5.49 9.08 5.40 20.96 9.71 4.66 6.33 12.11 3.59 6.48 7.96 8.24 79.04
Germany 6.15 6.68 7.57 8.60 19.38 4.37 11.58 7.99 6.27 5.6 7.21 8.58 80.62
Ireland 6.14 8.30 6.68 6.25 7.78 24.16 5.86 8.93 4.28 6.94 6.93 7.75 75.84
Italy 6.29 6.51 7.33 7.77 13.56 4.02 20.69 7.07 6.71 6.03 7.00 7.03 79.31
Netherlands 4.18 10.63 5.56 9.89 7.61 5.93 4.89 19.75 3.01 7.34 9.92 11.28 80.25
Poland 6.28 5.76 7.48 5.35 10.47 3.82 9.34 5.45 30.14 5.50 4.50 5.92 69.86
Portugal 5.67 9.18 6.64 7.39 7.20 5.24 6.55 9.55 4.25 22.43 7.84 8.06 77.57
Spain 4.94 9.74 5.83 7.36 7.85 5.25 6.27 11.4 3.17 7.59 20.22 10.38 79.78
Sweden 4.31 8.91 6.31 6.95 8.73 5.60 5.87 12.38 3.69 6.87 9.97 20.41 79.59
Directional TO
Others 60.64 89.41 71.87 80.53 99.54 55.09 78.39 100.16 50.73 73.32 82.81 91.12 933.61
Directional




−12.07 8.69 −6.44 1.49 18.91 −20.75 −0.92 19.92 −19.13 −4.25 3.03 11.54 77.80
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during this ongoing COVID-19 crisis. This study employed the methodology of Diebold 
and Yilmaz (2012) to estimate the gross and net directional spillovers among 12 European 
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The main findings reveal that during the pandemic, spillovers are the main cause of 
volatility forecast error variance among European stock markets, with an average of 
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On the receiving side of volatility spillovers, we should highlight Germany, where the
economy is expected to shrink by 6.6% in 2020. According to the Institute for Economic
Research (Ifo), the German economy is expected to deteriorate until the end of 2020 due to
COVID-19. Several important industries including aviation, hotels, travel agencies, and
tour operators reported the biggest slump during the outbreak.
According to the International Monetary Fund (IMF), uncertainty will remain in
Sweden’s economy and financial markets due to COVID-19. The Swedish government
took less restrictive measures than its European and Nordic neighbors. It had one of the
most relaxed lockdowns in the world and drew attention to its unorthodox approach to
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managing the coronavirus outbreak. The government justified the decision with the view
that the pandemic would last a long time. As a consequence, a very high death rate raises
very serious concerns. Furthermore, manufacturing exports fall significantly in March 2020,
reflected in supply chain disruptions, and weighing heavily on growth. The government
failed to respond to this sudden decline in external demand because it was not determined
by the country’s own containment policy. On the other hand, the Netherlands is one of
the most integrated economies and somewhat more sensitive and vulnerable to a global
crisis such as the COVID-19 pandemic. More than 60% of the Netherlands’ GDP consists of
exports of goods and services, and this has been growing in importance in the last decade.
Furthermore, the Netherlands owns a big portion of domestic and foreign assets through
occupational pension funds. So far in 2020, the prices of these financial assets (notably
stocks) have declined significantly. During the last events of the financial crisis 2008 and
the euro area debt, a significant increase in savings was recorded in the Netherlands. This
is likely to happen again, resulting in somewhat slower recovery of private consumption.
4. Discussion and Conclusions
It is important to understand the transmission of intraday cross-market volatility dur-
ing this ongoing COVID-19 crisis. This study employed the methodology of Diebold and
Yılmaz (2012) to estimate the gross and net directional spillovers among 12 European stock
markets using high frequency data (5-min) ranging from 2 December 2019 to 29 May 2020.
The main findings reveal that during the pandemic, spillovers are the main cause of
volatility forecast error variance among European stock markets, with an average of 77.78%
of intraday volatility forecast error variance, in all twelve European stock markets, coming
from spillovers. Overall, both the directional and total directional spillovers remain high
during COVID-19. The stock markets of Sweden and the Netherlands transmit the highest
intraday gross directional volatility spillovers while those of Poland and Ireland transmit
minimum spillover to other European stock markets. Other stock markets transmit the
highest spillover to the stock markets of Belgium and Germany with minimum spillovers
to that of Poland. Our empirical findings have important implications for investors and
policy-makers regarding the cross-border transmission of stock market shocks during
COVID-19. The findings show that European stock markets remained integrated with
increasing volatility spillovers across borders. Changes in stock prices in one country are
usually translated into changes in asset prices and valuations in other European countries.
The existence of volatility spillover apparently suggests a low potential for diversification.
So, investors can reallocate their investments among financially interconnected countries
by increasing the importance (weight) of less integrated stock markets with minimum
spillover effects (Gulzar et al. 2019). Policy-makers may consider this spillover from
one market to others as an important phenomenon and form strategies to watch capital
flows and support the financial performance of stock markets during such a catastrophic
event (Jebran et al. 2017). For instance, policy-makers should keep providing liquidity for
financial markets’ stability (Akhtaruzzaman et al. 2020). There are different channels of
spillovers including the portfolio effect, trade linkages, information, or policy spillovers.
Additional important information for policy-makers is the “come and go” nature of foreign
investors. Particularly, in European stock markets, Baele (2005) linked this spillover to
market liberalization for foreign investors, which leads to volatile capital flow and results
in high volatility spillover.
Topics to analyze in future research include the identification of spillover transmission
channels and the role of economic fundamentals to prevent transmission of the crisis among
these markets, as well as the use of a minimum underlying volatility in order to correct
possible low estimated volatility levels.
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